Using a regression-discontinuity approach on a U.K. longitudinal dataset, this research analyses whether personalised weight feedback resulted in individuals losing weight over a period of between 2 and 7 years. The analysis presented here finds that being told one was "overweight" had, on average, no effect on subsequent weight loss; however, being told one was "very overweight" resulted in individuals losing, on average, approximately 1% of their bodyweight. The effect of feedback was found to be strongly moderated by household income, with those in higher income households accounting for seemingly all of the estimated effect due, in part, to increased physical activity.
| INTRODUCTION
The proportion of adults who are obese is increasing in most developed countries, and this is contributing to the increased prevalence of chronic health conditions such as heart disease, diabetes, and cancer (Cawley, 2015; Must et al., 1999) . The economic costs of obesity include the costs to health services to treat and manage these conditions (Wang, McPherson, Marsh, Gortmaker, & Brown, 2011) , as well as the adverse labour market outcomes experienced by obese adults (Averett, 2014) . Economic analysis of the causes of obesity typically focuses on time inconsistent preferences and imperfect information in food purchase and consumption, which gives rise to policy responses around economic incentives and food labelling regulation, approaches that have a mixed record of effectiveness (Cawley, 2015) .
A relatively unexplored cause of obesity is that of individuals who are imperfectly informed with regard to their own weight status. Aggregate measures of what is considered a "healthy" weight have shifted upwards over time and declining proportions of people who are overweight are correctly recognising themselves as being so (Johnson, Beeken, Croker, & Wardle, 2014; Johnson, Cooke, Croker, & Wardle, 2008) . This "weight misperception" may be important in explaining why overweight individuals do not take action to lose weight (Duncan et al., 2011) as those who perceive themselves as overweight make less weight gain and lose more weight over time (Inoue et al., 2010; Lynch et al., 2009 ).
Correcting weight misperceptions through personalised weight feedback therefore has been identified as a possible method by which public policy can encourage weight loss behaviour (Duncan et al., 2011; Gregory, Blanck, Gillespie, Maynard, & Serdula, 2008; Johnson et al., 2008; Yaemsiri, Slining, & Agarwal, 2011) .
Although a number of studies report that personalised health feedback is associated with self-reported intention to change (Godino et al., 2013; Prina & Royer, 2014; Yaemsiri et al., 2011) , there is a lack of evidence that it results in actual behaviour change and improved health outcomes (Jepson, Harris, Platt, & Tannahill, 2010; McClure, 2002) . A related area of research concerns the effects of technology that records and analyses individuals' health, diet, and exercise (e.g., wearables and apps). The evidence as to the weight loss effects of these technologies is mixed (e.g., Jakicic, Davis, Rogers, et al., 2016) , and there is a need to understand better how the feedback provided can better induce behaviour change and weight loss (Pagoto, Schneider, Jojic, DeBiasse, & Mann, 2013) .
This study provides evidence that personalised weight feedback can result in weight loss in adults through instigating behaviour change and thus supports the idea that tackling weight misperception as a cause of excess weight may be a cost-effective policy tool in reducing adult obesity. The evidence presented here is an analysis of the effect of receiving weight feedback that was provided as part of the UK Biobank data collection (see www.ukbiobank.ac.uk for further details of the UK Biobank). This feedback was determined by participants' body mass index ("BMI"; calculated as an individual's weight in kilogrammes divided by their height in metres squared). UK Biobank participants also received health feedback on their body fat percentage, waist circumference, and blood pressure; however, this study focuses in on the effect of the BMI feedback on weight change at follow-up. This is because BMI is the most widely used measure of healthy weight, and the weight feedback associated with it tends to be easily understood by the general public (Stevens, McClain, & Truesdale, 2008; Hall & Cole, 2006; Lorimer et al., 2011) .
As the weight feedback provided was based on fixed predetermined thresholds, the sharp regression discontinuity ("RD") design method is implemented to estimate the causal effects of feedback. The results suggest that receiving feedback that one was "overweight" had, on average, no effect on subsequent weight loss; however, receiving feedback that one was "very overweight" resulted in modest weight loss. This effect was concentrated amongst high-income individuals, a finding consistent with the Grossman (1972) health capital framework that predicts that higher income groups are more likely to act on personal health information (Zhao, Konishi, & Glewwe, 2013) . It also concurs with studies that link the affordability of healthy food and exercise opportunities to weight loss effort (e.g., Johnston & Lordan, 2014) . A series of robustness checks are employed that provide assurance of the results. This study has ethics approval via the institutional ethics procedures of Manchester Metropolitan University. Details of the ethical approval for the UK Biobank data collection are available at http://www.ukbiobank.ac.uk/ethics/.
| METHOD

| UK Biobank dataset and feedback rules
The UK Biobank dataset (Sudlow et al., 2015) contains data on health and personal characteristics of 502,632 individuals collected during 2006-2010 (the "baseline assessment"). The recruitment of the baseline sample was done via an invitation letter to individuals aged 40-69 registered with a National Health Service General Practitioner who lived within a "reasonable" travelling distance of one of the 22 UK Biobank assessment centres, with the sample further stratified by age, gender, and postcode level social deprivation to obtain a representative sample. Follow-up health data on 20,345 of these individuals (the "repeat assessment") were collected between 2012 and 2013. The repeat assessment recruitment consisted of inviting all those baseline participants who lived within a 30-mile radius of the UK Biobank Co-ordinating Centre, Stockport, UK. Of the 103,514 invited, 20,345 individuals attended the repeat assessment.
At the baseline assessment, participants completed a touchscreen survey, face-to-face interview, and a series of physical measurements at their initial visit. At the end of the visit, participants were provided with a printout of selected measurements and feedback associated with these measurements. Participants did not have their results discussed with them by anyone at the UK Biobank assessment centre and did not have any other contact regarding the feedback subsequent to the visit. The weight feedback rules for participants' BMI are shown in Table 1 .
The analysis sample in this study is restricted to healthy adults, that is, those without a long-standing illness, disability, or infirmity. This left 13,727 cases in the analysis sample. Descriptive statistics for the analysis sample are shown in Table 2 .
| Empirical strategy
The causal effect of weight feedback on weight loss and other health outcomes is identified by exploiting the sharp change in treatment status that occurs over the "overweight" and "very overweight" feedback thresholds (BMI = 25 and BMI = 30, respectively) as detailed in Table 1 . Estimates of the treatment effect of weight feedback are obtained through implementing the nonparametric "sharp" RD method of estimating local linear regressions with a triangular kernel using a small window of data (i.e., the bandwidth, "h") around the treatment threshold cut-offs. Broadly, this approach is applied in this study by estimating the following (see Imbens & Lemieux, 2008 , for a full exposition of the nonparametric RD method):
For observations below, the treatment cut-off "c" (i.e., c -h < BMI__baseline i < c)
For observations at or above the treatment cut-off, "c" (i.e., c ≤ BMI__baseline i < c + h)
where Outcome i is an outcome measure for individual i, BMI_baseline is the BMI measurement at baseline (the "running variable" in RD parlance) and Controls are a set of control variables. The treatment effect is estimated as the difference between the intercepts in these two regressions, b τ ¼ b α 1 − b α 0 , as this corresponds to the difference in predicted values of the outcome variable for treated and nontreated cases either side of the cut-off at the cut-off boundary. The Stata program rdrobust (Calonico, Cattaneo, Farrell, & Titiunik, 2017 ) is used to produce bias-corrected point estimates with accompanying robust standard errors. The bandwidths for each local linear regression are selected using the optimal data-driven method as per Calonico, Cattaneo, and Titiunik (2014) .
3 | RESULTS Figure 1a ,b shows the scatterplots of the baseline BMI against the percentage change in bodyweight between the baseline and repeat assessment. Those who were initially at lower BMI levels experienced a gain in weight, whereas those with higher levels of BMI lost weight-this is consistent with other studies of weight change of older adults over time (Stenholm et al., 2015) . There is little evidence of a discontinuity at the BMI = 25 cut-off in Figure 1a ; however, Figure 1 b indicates that weight loss is noticeably greater for individuals to the right of the BMI = 30 cut-off and suggests a causal effect of the "very overweight" feedback on weight loss. Table 3 presents the local linear regression estimates of the effect of weight feedback on percentage change in bodyweight. Reassuringly for the RD identification strategy employed, the point estimates vary little with the inclusion of controls, but the precision is increased. The estimated effects of the "overweight" feedback for individuals at the BMI = 25 cut-off are negatively signed though very imprecisely estimated. For those at the BMI = 30 cut-off, those receiving feedback that they were "very overweight" lost, on average, just over 1% of their bodyweight compared with those that were told they were "overweight."
| Graphical analysis
| Estimated effects of feedback
| Robustness checks
Analysis by the UK Biobank found that those who responded to the follow-up invitation had different baseline characteristics to those who were invited but did not respond. Responders tended to be older and healthier and live closer to the assessment centre (UK Biobank, 2014). Although differential response to follow-up by baseline characteristics does not necessarily bias the RD estimates, it does present the possibility that participants may have a differential response to follow-up according to feedback received. If this is the case, then the estimated effects of feedback on weight loss might simply be explained by selection bias at the treatment threshold.
To investigate this threat to the validity of the results, a series of robustness checks are implemented to test whether the probability of response to follow-up and/or the composition of the follow-up sample is affected by adverse weight feedback. First, attendance at the repeat assessment is modelled as an outcome in an RD model using data on all those invited to attend the repeat assessment; second, the continuity of the density around the cut-offs is tested using the test proposed by Cattaneo, Jansson, and Ma (2017) . The results from these tests are shown in Table 4 , and density plots of participants attending the repeat assessment by baseline BMI are shown in Figure 2 . Taken together, these results suggest that there is little evidence that the feedback received influenced the probability of attendance at the repeat assessment. Further checks establish whether the composition of the sample displays a discontinuity at the feedback Note: Robust bias corrected (Calonico et al., 2014) ; N − and N + denote the number of cases within the bandwidth below and above the threshold, respectively.
Local linear regressions include controls for sex, age at baseline, standing height at baseline, neighbourhood deprivation index, time between baseline, and repeat assessment (years).
*p < 0.1. **p < 0.05. ***p < 0.01. Note: Robust bias corrected (Calonico et al., 2014) ; local linear regressions include controls for sex, age at baseline, standing height at baseline, and neighbourhood deprivation index.
a The density test as described in Cattaneo et al. (2017) , where the null hypothesis is that there is no discontinuity in the density of cases at the cut-offs.
*p < 0.1. **p < 0.05. ***p < 0.01. COOKthresholds. These checks are implemented as a series of RD models estimated on the repeat assessment participants using outcomes that should be continuous over the thresholds if there is no selection bias present: baseline anthropometric measures (Table A1) , baseline control variables (Table A2) , baseline health behaviours (Table A3 , and outcomes at follow-up that should not vary as a result of weight loss (Table A4) . These checks reveal no evidence of discontinuities over the thresholds in these variables and, in combination with the density tests, indicate that the results in Table 3 are not affected by differential response to follow-up according to weight feedback received. Standard RD robustness checks of placebo discontinuities (Table A5 ) and sensitivity to bandwidth variation (Table A6 ) also provide further assurance as to the validity of the results.
| Subgroup analyses
As mentioned in the introduction, theory predicts that higher income individuals are more likely to respond to personalised health information and are better able to access weight loss technologies such as healthy food and exercise opportunities. Table 5 presents the analysis of the effect of weight feedback split by household income grouping. The effects of "overweight" feedback are mostly small and insignificant across the subsamples. The subsample analysis of the effects of the "very overweight" feedback however strongly suggests that the effect of this feedback is moderated by household income, with the effect of this feedback only discernible for those living in households with higher incomes. For the high income group, the estimates suggest that the "very overweight" feedback caused, on average, a reduction in bodyweight of approximately 3%, in comparison with those receiving the "overweight" feedback. The 
| Mechanisms
To test whether the effects of the "very overweight" feedback identified previously can be related to behaviour change, RD estimates of the effect of this feedback on intentional weight loss and self-reported physical activity variables are provided in Table 6 . Most of these estimates for the full analysis sample are positively signed; however, none are statistically significant. Estimating the same models on the subsample of individuals in the highest household income category clearly finds that "very overweight" feedback is associated with increases in physical activity and intentional weight loss, which corresponds with the findings in Table 5 that weight feedback had the greatest effect on the highincome subgroup. Table 3 ; the subsamples by income are determined by the income groups presented to participants in the touchscreen survey and are defined in this study as high income = annual household income before tax > £51,999; middle income = annual household income before tax between £18,000 and £51,999; and low income = annual household income before tax < £18,000.
a
The CJM p value refers to the p value from the density test as described in Cattaneo et al. (2017) , where the null hypothesis is that there is no discontinuity in the density of cases at the cut-offs. Note: As per Table 3 .
| DISCUSSION
The evidence presented in this article suggests that personalised weight feedback alone, with no further health interventions, can result in modest long-term weight loss. This is in contrast to other studies that have found that even when public health messages are understood they are not acted upon (King, Grunseit, O'Hara, & Bauman, 2013) . The efficacy of the feedback in this case is possibly due to the personalised nature of the feedback, which would concur with the findings of a systematic review of health behaviour change that found that individualised public health interventions were more effective than mass media campaigns (Jepson et al., 2010) . A distinct pattern of heterogeneity is found; those who reside in high income households are most responsive to feedback both in terms of weight loss and in terms of increased physical activity, a finding consistent with Zhao et al. (2013) who find similar heterogeneity in response to blood pressure feedback. Although the estimated effects appear small, it should be borne in mind that interventions that have only a small reduction on the average BMI can make a "significant impact on the burden of chronic disease" at the population level (Kearns, Dee, Fitzgerald, Doherty, & Perry, 2014) . Furthermore, these results identify effects on weight loss over a period of between 2 and 7 years; this is in contrast to the poor record of weight loss incentives in effecting long-term behaviour change (Royer, Stehr, & Sydnor, 2015) .
This study also contributes to the understanding of whether the provision of feedback in longitudinal health studies affects the subsequent behaviours of participants. This is an area for which there is extremely limited knowledge (Lorimer et al., 2011) yet has important implications for both the reliability of longitudinal health data and the ethics of whether to provide participant feedback (Jeffery, Snaith, & Voss, 2005) . 
